Ontology concepts and tools for statistical genomics  by Carey, Vincent J.
Journal of Multivariate Analysis 90 (2004) 213–228
Ontology concepts and tools for statistical
genomics$
Vincent J. Carey
Department of Medicine, Channing Laboratory, Harvard Medical School, 181 Longwood Ave,
Boston, MA 02115, USA
Received 5 May 2003
Abstract
In computer science, an ontology is any formally structured vocabulary covering a
conceptual domain. Gene Ontology (GO) is a structured collection of terms deﬁning biological
processes, cellular components, or molecular functions for the purpose of characterizing gene
products and functions. The structure of GO is a directed acyclic graph (DAG) with typed
edges. We describe a simple formalism for working with ontologies for statistical purposes,
and deﬁne object-ontology complexes, which encode the usage of the vocabulary to label
objects under analysis. Recently developed concepts of information content and semantic
similarity are evaluated and used to explore the association between LocusLink loci and GO.
We investigate relations between GO DAG structure, association evidence codes and term
information content, illustrate computation of semantic similarities of genes within and
between clusters discovered in a microarray, and describe a more general ontology and its use
in inference on genetic network structure.
r 2004 Elsevier Inc. All rights reserved.
AMS 2000 subject classifications: 68T30; 94A17; 62P10
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1. Introduction
In modern information science, an ontology is a structured vocabulary covering a
speciﬁc conceptual domain [3]. Gene Ontology [2], or GO, is an ontology facilitating
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description of gene products very generally, without conﬁnement to any speciﬁc
organism or set of organisms. The Open Biological Ontologies initiative
(obo.sourceforge.net) aims to collect and provide standards for structured
vocabularies pertinent to any conceptual domain in biology. This initiative requires
that compliant ontologies be open, use a common shared syntax (GO or the Web
Ontology Language OWL), be mutually orthogonal (implying that ontologies
including redundancies or conﬂicts with existing ontologies will not be compliant),
will share a unique identiﬁer space, and will include textual deﬁnitions of all terms.
Four important roles of ontologies in statistical genomics are readily identiﬁed:
* An ontology can serve as the source of conventional and precise terms for objects
of genomics, essential for communicating hypotheses and ﬁndings unambigu-
ously.
* An ontology can function as a locus for annotation, which requires speciﬁcation
of associations between terms and biological objects.
* An ontology encodes a hierarchical structure of term semantics, permitting
structured grouping of disparate objects or decompositions of groups of objects.
* Ontologies are recognized as a basis for a semantic web, facilitating inference
about resource contents and inter-resource relationships.
In this paper, we focus on the second and third roles noted above. We consider
how to work with structured vocabularies like GO to carry out quantitative inference
on the properties of objects labeled using the structured vocabulary. We begin with
an illustrative example of the terminological hierarchy and its association to a gene.
We then present a formalization of object-ontology relations that can be used with
GO and its associations to human genes as deﬁned by the Gene Ontology
Annotation project [1]. Tools are developed to help address questions about
information content and semantic comparability of ontology terms. Empirical
evaluation of the LocusLink:GO correspondence is undertaken, and functional
inference in a time course microarray study is re-examined in the light of the new
concepts and tools. We conclude by introducing a speculative customized ontology
for description of knockout experiments, and discuss the implications of semantic
web concepts for future developments in statistical genomics.
2. Deﬁnitions and an illustrative example
GO is a rooted directed acyclic graph (DAG) with typed edges. The root node of
GO is ‘‘gene ontology’’. The three immediate descendants of the root are ‘‘biological
process (BP)’’, ‘‘cellular component (CC)’’ and ‘‘molecular function (MF)’’. Each of
these concepts is in turn elaborated by a DAG organizing thousands of
terminological reﬁnements. The edges of the DAG are typed: the most common
type of edge denotes the ‘‘is-a’’ relationship; less common is the ‘‘part-of’’
relationship. In fact, the terms BP, CC, and MF are viewed as parts of GO. In
analyses below, which focus on the MF subontology, we do not distinguish is-a and
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part-of reﬁnements: all terminological reﬁnements are assumed to be on equal
footing.
The nodes of the GO DAG are biological terms useful for characterizing gene
products and gene functions. Given a term, one can explore the GO DAG to ﬁnd
generalizations or reﬁnements of the term. The GO DAG thus can aid investigators
as they try to understand the hierarchical structure of a highly complex vocabulary.
An important use of the vocabulary involves agreement of scientists on the
association of terms with genes and gene products. The LocusLink database [8]
provides curated correspondences between LocusLink entries and GO terms, along
with information about how the correspondence is determined (e.g., by experi-
mentation, by theoretical prediction, or by traceable assertion in the scientiﬁc
literature). These associations are formally established by the Gene Ontology
Association (GOA) initiative of the European Bioinformatics Institute [1].
For illustration, consider LocusLink element 2 as annotated in the LocusLink
data ﬁle LL tmpl.gz available 1 May 2003. This LocusLink entry describes gene
A2M, alpha-2-macroglobulin, a protease inhibitor and cytokine transporter. There
are four GO correspondences noted: activities as protein carrier, serine protease
inhibitor, and wide-spectrum protease inhibitor (all instances of molecular function
terminology) and intracellular protein transport (an instance of biological process
terminology). Associated with the molecular function terms are the short GO tags
GO:0008320, GO:0004867 and GO:0006886. In the sequel we will omit the leading
GO:0... for GO tags when the context is clear. See Fig. 1.
Tag 4867 is at a depth of 5 in the GO molecular function DAG, taking molecular
function, on which we will focus in the sequel, to have depth 0. The ancestry of 4866
is linear: enzyme regulator, enzyme inhibitor, protease inhibitor, endopeptidase
inhibitor, serine protease inhibitor. The ancestry of 8320 is more complex, with two
paths. One is: binding, protein binding, protein carrier. The other is transporter,
carrier, protein carrier. The evidence codes for the correspondences noted in
LocusLink are IEA (inferred from electronic annotation) for the protease inhibitor
activities, and NR (not recorded) for protein carrier activity.
Fig. 1, though only a tiny part of GO MF, exposes a number of reasoning
and data manipulation processes that will likely engage analysts in statistical
genomics.
* Use of GO annotations for direct interpretation of experimental results. In the case
of A2M, GO-based direct interpretation would not be straightforward, as
multiple distinct functions of the gene’s products have been noted (broadly linked
to protease inhibition and protein carriage). The variability of evidence
underlying declared associations adds additional complexity to the use of GO
for direct interpretation. Nevertheless, there are undoubtedly situations in which
the GO annotation will be an important, though likely not deﬁnitive, interpretive
resource.
* Use of GO annotations for grouping functionally related genes. This appears to be a
promising role for GO. The evidence code will be important for ﬁltering declared
associations by degree of reliability.
ARTICLE IN PRESS
V.J. Carey / Journal of Multivariate Analysis 90 (2004) 213–228 215
* Use of GO annotations to support selection of functionally unrelated genes. With a
measure of semantic similarity of GO terms (to be described shortly), one could
employ GO classiﬁcations to isolate a collection of genes that have distinct
functions (are all semantically dissimilar). One shortcoming of most annotation
projects in this ﬁeld is that denial of association is not recorded. In other words,
experimental evidence may be available that a certain gene does not have a certain
function, but this type of information is not recorded.
* Use of GO to translate broadly formulated hypotheses about molecular function or
biological processes to a priori statements about observables. With appropriate
tools for dealing with evidence codes and establishing thresholds on informa-
tiveness for terms to be used, this type of use of GO is potentially very productive,
and will ultimately reduce analyst’s reliance on empirical clustering and multiple
comparisons procedures.
Web-based tools for the use of GO in the analysis of genomic data have begun to
emerge [11]. We now turn to general concepts of ontology graphs and association
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Fig. 1. An excerpt from GO illustrating the various associations between alpha-2 macroglobulin (A2M)
and terms in the molecular function hierarchy. A solid arrow from term A to term B indicates that B ‘‘is
an’’ A. A dashed arrow from term A to B indicates that B is ‘‘part of’’ A. An arrow from A2M to a term
indicates an association catalogued in the May 2003 LocusLink database.
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mappings that are central to integrating ontologies in statistical computing
environments for genomics.
3. Formalism and computations for ontologies and object-ontology complexes
3.1. Ontologies
Let T be a set of V terms, T1;y; TV : We take the relationship of reﬁnement
among terms to be primitive: for all TiaTj it is decidable whether term Ti reﬁnes
term Tj or not. Note that it is possible for a given term to reﬁne several other terms.
We deﬁne a relationship R of 1-reﬁnement among terms Ti; Tj; Tk in T as follows:
RðTj; TiÞ ¼ 1 if Tj reﬁnes Ti and there is no term Tk in T satisfying both RðTk; TiÞ
and RðTj; TkÞ; and RðTj ; TiÞ ¼ 0 otherwise. In words, Tj is a one-step reﬁnement of
Ti: there is no term that is a reﬁnement of Ti and of which Tj is a reﬁnement. It is
possible for one term to be a one-step reﬁnement of several other terms. To establish
that the graph describing reﬁnement relations is a rooted DAG, we stipulate that
there is one term that is reﬁned by all other terms, but that does not itself reﬁne any
terms.
Let G be an V  V matrix satisfying Gij ¼ RðTi; TjÞ; i4j and Gij ¼ 0 otherwise. G
therefore has 0 on the diagonal; if the rows and columns of G are ordered according
to distance from the root (as would be established by breadth-ﬁrst search), then G
has 0 above the diagonal. This arrangement is inessential for the development that
follows.
Fig. 2 depicts a 12-term ontology (and four associated objects, to be discussed in
the next subsection). Fig. 3 depicts the 1-reﬁnement matrix G for this ontology. The
matrix encodes 1-step reﬁnement relationships. Matrix powers Gk encode k-step
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Fig. 2. Graphical depiction of an object-ontology complex with four objects (nodes W, X, Y, Z) and a 12-
term ontology (nodes A–L). A dashed arc from object node o to term node t indicates that t is the most
reﬁned term associated with o: A solid arc from term t1 to term t2 indicates that t1 is the closest reﬁnement
of t2 on a given path in the ontology.
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reﬁnements. The depth of an ontology (zero-based length of longest path from a
term to the root) is d ¼ mink maxij Gkij ¼ 0:
3.2. Object-ontology complex
Suppose P objects are described using an ontology. We focus on the case in which
each object is mapped to at least one term, with the stipulation that the mapping is
made to the most reﬁned relevant term in each case. In other words, if object Z is
mapped to terms G and D, it follows that Z is not associated with any term that
reﬁnes G or D. This stipulation is consistent with the current GO annotation
recommendations (www.geneontology.org/doc/GO.annotation.html). Fig. 4
depicts a matrix encoding the object-term mapping for the objects and ontology
of Fig. 4. There are four objects (W–Z) and 12 terms (A–L). Such a mapping matrix
will be denoted by M; with rows corresponding to objects and columns to terms.
Element i; j of M is one if object i maps to term j and is zero otherwise.
We use the term ‘object-ontology complex’ for the ordered quadruple ðT ;G;O; MÞ
where T is a vocabulary, G is the matrix (equivalently DAG) encoding the
ontology based on T ; O is a set of object identiﬁers, and M is the matrix mapping
from O to T : For object-term mapping matrix M (P  V ) and 1-step reﬁnement
matrix G; the boolean matrix product C1 ¼ MG encodes the 1-step reﬁnements of
the mapping [10]. That is, the i; j element of C1 is 1 if term j is a one-step reﬁnement
of the term to which object i is mapped by M: Deﬁne the truncated addition operator
satisfying a"b ¼ minð1; a þ bÞ and the truncated summation " satisfying
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A B C D E F G H I J K L
A 0 0 0 0 0 0 0 0 0 0 0 0
B 1 0 0 0 0 0 0 0 0 0 0 0
C 1 0 0 0 0 0 0 0 0 0 0 0
D 0 1 0 0 0 0 0 0 0 0 0 0
E 0 1 0 0 0 0 0 0 0 0 0 0
F 0 0 1 0 0 0 0 0 0 0 0 0
G 0 0 1 0 0 0 0 0 0 0 0 0
H 0 0 0 1 1 0 0 0 0 0 0 0
I 0 0 1 1 1 0 0 0 0 0 0 0
J 0 0 0 0 0 1 0 0 0 0 0 0
K 0 0 0 0 0 1 0 0 0 0 0 0
L 0 0 0 0 0 0 1 0 0 0 0 0
Fig. 3. The reﬁnement matrix for a 12-term ontology (see also Fig. 2).
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"ni ai ¼ a1 "nj¼2 aj; with the understanding that these operations are performed
elementwise on conforming matrices. We say that a term covers an object if that term
or any reﬁnement of it is associated with the object via the mapping M: Let d denote
the depth of the ontology represented by G; then the matrix C ¼"dþ1k¼1 MGk will be
termed a coverage matrix, as it has i; j element one if object i is covered by term j and
zero otherwise. Fig. 5 illustrates the coverage matrix for the object-ontology complex
of Fig. 2. Note also that A ¼"dþ1k¼1 Gk is the accessibility matrix corresponding to
the ontology DAG G:
3.3. Information content; semantic similarity
The coverage matrix plays a central role in calculations of term informativeness
and semantic similarity [7,9]. The sum nðcÞ of column c of the coverage matrix is the
number of times term c or any of its reﬁnements occurs in the complex. The so-called
‘‘probability of encountering an instance of a concept (term) c’’, denoted pðcÞ; is
computed as pðcÞ ¼ nðcÞ=nðcrÞ where cr is the root concept of the ontology DAG.
The ‘‘information content’’ of term c is iðcÞ ¼ log pðcÞ: Intuitively, a term is
informative if it is used only rarely; iðcÞ ranges from 0 (term c applies to every object)
and approaches inﬁnity for terms that are very rarely employed. The subsumers (or
shared hypernyms) of two terms c1 and c2 comprise the set Sðc1; c2Þ of terms which
are reﬁned by both c1 and c2: The semantic similarity of c1 and c2 is measured by the
information content of the most informative subsumer:
simðc1; c2Þ ¼ max
cASðc1;c2Þ
½log pðcÞ	:
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W 1 1 0 0 1 0 0 0 0 0 0 0
X 1 0 1 0 0 1 0 0 0 0 1 0
Y 1 1 0 0 0 0 0 0 0 0 0 0
Z 1 1 1 1 0 0 1 0 0 0 0 0
Fig. 5. Coverage matrix for the object-ontology complex of Fig. 2.
A B C D E F G H I J K L
W 0 0 0 0 1 0 0 0 0 0 0 0
X 0 0 0 0 0 0 0 0 0 0 1 0
Y 0 1 0 0 0 0 0 0 0 0 0 0
Z 0 0 0 1 0 0 1 0 0 0 0 0
Fig. 4. Matrix encoding the object-ontology complex for four objects and 12 terms.
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It is important to acknowledge the relativity of the concept of information content
developed here. The quantity pðcÞ is determined by a speciﬁc set of usages of the term
c in a speciﬁc vocabulary. Thus all calculations of information content and semantic
similarity are relative to an object-ontology complex. In the case of GO, as the
vocabulary, its structure, and the association mapping evolve over time, measures of
information content and term similarity will change. It may be of interest to compute
semantic measures on a given set of objects with various reference sets. For example,
we have computed information content of GO MF terms using all the associations
from LocusLink to GO MF. For a particular experiment, it would be possible to
measure information content and semantic similarity of GO MF terms using only
the set of associations from genes manipulated or measured in the experiment.
3.4. Computations
Computations with graphical structures were conducted using R ([5]; www.r-
project.org) with the graph package of R. Gentleman and E. Whalen (www.bio-
conductor.org). The GO ontology was converted from go 200302-termdb.xml to
a list encoding terms and relationships using SAX-based parsing through the XML
R package by Duncan Temple Lang (www.omegahat.org). The list was then
transformed to an instance of the graphNEL (graph represented by Node and Edge
List) class of the graph package with all GO terms (excluding GO:partof and GO:isa)
as nodes and directed edges from terms to the terms they reﬁne. The resulting
graphNEL object has 13 375 nodes and 18 489 edges.
Tools for converting DAGs of this magnitude to reﬁnement or coverage matrices
necessitated the use of sparse matrix methods and relied heavily on the R package
SparseM of Koenker and Ng (cran.r-project.org).
4. Applications to molecular function ontology for human genes
4.1. Term coverage, depth, and information content
The 1-reﬁnement matrix GMF for the molecular function terms in GO (February
2003 termdb) is of dimension 5324 5324: The depth d of the corresponding DAG is
11. The root (GO:0003674) has 29 1-step reﬁnements; the total number of 1-step
reﬁnements is 6479. Note that two of the 1-step reﬁnements of the MF root are
‘‘obsolete’’ and ‘‘molecular function unknown’’. These nodes are omitted from
consideration in the sequel.
A 9860  5324 matrix MLLMF representing the object-ontology complex mapping
human genes to GO molecular function (MF) terms was constructed on the basis of
the LocusLink data base of 1 May 2003. The 9860 gene loci were obtained by
ﬁltering the LocusLink data for loci identiﬁed for H. sapiens possessing GO MF
associations. The coverage matrix "dþ1k¼1 MLLMFG
k
MF provides information on the
usages and relative speciﬁcities of GO MF terms. Remarkably, of 5324 terms
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pertaining to MF, 2998 are not used to characterize any human genes catalogued in
LocusLink. The four least speciﬁc terms (excluding the root for ‘molecular function’,
with number of genes covered ranging from 1976 to 5555) denoted activities of
binding, nucleic acid binding, signal transduction, and enzyme activity. Eight
hundred eight (808) terms were associated with only one gene.
Table 1 illustrates the relative magnitudes of information content values for depth
1 terms in GO MF. We see that two very shallow terms in the hierarchy (chaperone
regulation and protein stabilization) have but one annotation event in the human-
related LocusLink loci. The relationship between information content (relative to all
human Locus Link:GO MF associations) and term depth is depicted using boxplots
in Fig. 6. While there is clearly a positive statistical association between depth and
informativeness, there are clearly terms at depths ﬁve and six in GO MF that are
used very frequently and consequently do not provide discriminative information
regarding molecular function.
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Table 1
Depth 1 GO MF terms and associated measures of information content, based on the associations to
human gene products provided in the May 1 2003 LocusLink database
GO MF term Information content
Binding activity 0.95
Catalytic activity 1.05
Signal transducer activity 1.95
Transporter activity 2.3
Transcription regulator activity 2.77
Structural molecule activity 3.6
Enzyme regulator activity 4.02
Cell adhesion molecule activity 4.37
Defense/immunity protein activity 4.72
Chaperone activity 5.01
Translation regulator activity 5.18
Motor activity 5.21
Apoptosis regulator activity 5.45
Antioxidant activity 7.42
Toxin activity 7.42
Anticoagulant activity 7.96
Nutrient reservoir activity 8.3
Protein tagging activity 8.3
Surfactant activity 8.52
Lysin activity 8.81
Cytoskeletal regulator activity 9.21
Chaperone regulator activity 9.91
Protein stabilization activity 9.91
Antifreeze activity N
Ice nucleation activity N
Regulator of establishment of competence for transformation activity N
Triplet codon–amino acid adaptor activity N
Inﬁnite values indicate term not used at present.
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4.2. Evidence codes
Fig. 7 depicts, using boxplots, the relationship between information content of
terms and the GOA evidence codes characterizing the association between these
terms and human genomic loci as given in the May 2003 LocusLink database. The
ﬁgure also provides raw counts of occurrence of the various evidence codes. It is
interesting to note that the rarest evidence codes (e.g., IPI, IEP, IMP) occur only for
terms with relatively high information content scores. A referee has commented that
use of annotations obtained with the IEP (inferred from expression pattern) method
can lead to circular reasoning about public expression datasets. While it is certainly
sensible to exclude annotations based on IEP in analyses of expression pattern data,
the extreme rarity of use of this method to date allays concerns that this fallacy may
have had signiﬁcant impact in published work.
4.3. Representativity of a microchip platform
In this subsection, we consider how information content of annotations may be
used to evaluate the coverage of a microarray probe set relative to some genomic
reference. Let LGOMF denote the set of LocusLink genomic loci that have been
mapped to some term in GO MF, and let TLL denote the set of terms used. The
information contents of these terms are computed as iðtÞ for all tATLL: Let P denote
a set of microarray probes. These are mapped to GO MF terms by a variety of
strategies including sequence analysis and transitive mapping (e.g., the probe
sequence is blasted and found to match to an EST, which is then located in a gene,
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Fig. 6. Relationship between information content of GOMF terms (relative to May 2003 Locus Link:GO
MF associations) and depth of term in GO MF hierarchy.
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and the gene’s GO annotation is found). See Zhang et al. [12] for details on how this
is carried out in the Bioconductor project. The set of molecular function terms
associated with probes in P is denoted TP:
One way of describing the coverage of the probe set is to use the set difference
D ¼ TLL\TP: Terms in the difference are functions that are ‘not covered’ relative to
the reference LGOMF: For illustration, we use version 1.3.0 of the Bioconductor
hgu95av2 annotation package for version 2 of the Affymetrixtm hgu95a microarray.
Of 12 625 probe sets on this chip, 10 021 have some GO annotation. 1691 of the GO
MF terms are encountered at least once in the annotation of hgu95a, and 1660 of
these terms have been used to annotate human LocusLink entries. Table 2 depicts
the composition of D in terms of quantiles of information content of terms in TLL:
We see that the overall probability of a LocusLink-employed GO MF term being
covered on hgu95a is about 70%, with somewhat higher probability of encountering
less informative terms in the hgu95a annotation. The chi-squared test of equivalent
column distributions in Table 2 has p ¼ 0:08 (7 d.f.). Computations of this sort will
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Fig. 7. Relationship between evidence code for association and information content of GO MF terms in
the May 2003 LocusLink database. Evidence codes are TAS (traceable author statement), P (predicted),
NR (not recorded), NAS (non-traceable author statement), ISS (inferred from structural similarity), IPI
(inferred from protein interaction), IMP (inferred from mutant phenotype), IEP (inferred from expression
pattern), IEA (inferred from electronic annotation), IDA (inferred from direct assay), E (experimental).
Numbers in parentheses next to evidence code symbols indicate the number of times associations were
recorded using this evidence code.
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be useful for designers who may wish to minimize inclusion of probes that map to
semantically similar terms, or to maximize inclusion of probes that map to highly
informative terms.
4.4. Semantic concentration within a gene cluster
Iyer and colleagues [6] report the results of exposing human ﬁbroblasts to serum
and measuring gene expression in a time-course experiment using cDNA arrays.
They identiﬁed a number of clusters of genes according to longitudinal pattern of rise
and fall of expression, and provided detailed longitudinal data on 517 genes whose
expression changed markedly after exposure to serum. 211 of these genes have been
annotated to as many as 5 GO MF terms, 306 have yet to be annotated to any GO
MF term. To simplify interpretation, we chose the most informative term used for
each gene to serve as its functional characterization. Cluster ‘A’ in their analysis
includes 100 genes, and 26 distinct GO MF terms are employed to characterize their
molecular function activities. We computed the semantic similarity scores for all
pairs of terms referenced for genes in clusters A, B, D, and H (the four clusters that
included at least 40 genes). The distributions of semantic similarity scores for pairs of
terms within clusters are depicted using boxplots in Fig. 9. As a reference, we
computed semantic similarity scores on 500 randomly formed pairs of terms in which
the elements of the pairs were constrained to come from distinct clusters as
determined by Iyer et al. For all clusters considered, at least half the pairs of terms
had semantic similarity zero: their only common feature is that they have something
to do with molecular function. It is perhaps surprising to note that the largest
semantic similarity score observed in this analysis was obtained for a pair of terms
drawn at random from distinct clusters. A priori, if the clustering succeeds in
identifying functionally related genes, and in discriminating functionally unrelated
genes, one would expect terms used to annotate genes in clusters to have relatively
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Table 2
Coverage of LocusLink employed GO MF terms by Affymetrixtm hgu95a version 2 probes
i-range Absent Present P(present)
(0,5.22] 22 94 0.81
(5.22,6.23] 36 80 0.69
(6.23,7.34] 71 162 0.70
(7.34,7.96] 84 156 0.65
(7.96,8.52] 80 198 0.71
(8.52,8.81] 57 130 0.70
(8.81,9.21] 93 267 0.74
(9.21,9.91] 222 573 0.72
665 1660 —
The i-range entry gives the range of information content values of terms categorized in the corresponding
row. A total of 2325 GO MF terms were classiﬁed as being ‘absent’ or ‘present’ among the annotations
available for the 12 625 probe sets on the chip.
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high semantic similarity scores. Increasing the coverage of annotation will likely have
an major impact on the success of analyses of this sort; as noted above, 60% of genes
investigated in the clustering had no annotation whatsoever.
5. Constructing an ontology to facilitate database integration
GO is a very special instance of the ontology concept, with a very large number of
terms and a very small number of types of relationships among terms. The design
and deployment of ontologies for information sharing is a major concern of modern
information science research. Here, we reﬂect brieﬂy on some concepts and tools
with broader potential application.
Fig. 8 is a schematic of a customized ontology for data collected from knockout
experiments. The ontology was expressed using the Resource Description Frame-
work (RDF) (www.w3.org/TR/rdf-concepts). RDF allows for the establishment of
object classes and subclasses, for object properties (which are deﬁned by specifying
domain and range) and for speciﬁcation of class instances. (GO is also speciﬁed using
RDF, but with no use of formalized classes or properties.) The ontology in Fig. 8
includes terms for ﬁve main classes of object: expt (experiment), gene, mRNA,
protein, phenotype. The class for phenotype has subclasses for discretely and
continuously measured features; the discrete class has ordinal and nominal
subclasses as well. The ontology indicates that only three relationships can hold
between an experiment and a gene: the gene can be wild type (wt), knocked out (ko),
or augmented (augment). A gene can either excite or inhibit another gene. Other
potential interactions between objects modeled by the ontology are readily read from
the schematic. The ontology prescribes restrictions on relationships and also
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discrete Phenotype
ordinal Phenotype nominal Phenotype
phenotype
continuous Phenotype
mRNA
protein
translates To
increasesreduces increasesreduces
gene
increases reduces reduces increases
transcribes To
inhibits excites
expt
augment ko,wt
Fig. 8. Customized ontology for knockout experiments, encoded in RDF and rendered by the FRODO
system. Boxes identify classes of object, solid arrows indicate subclass relations, dashed arrows are labeled
by property names, pointing from property domain to property range.
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prescribes the speciﬁc tokens that can be used to encode relationships and events in a
compliant database (Figs. 8 and 9).
Use of RDF-based ontologies is at the core of current work on a semantic web.
RDF is a very rigid formalism for description: every RDF assertion has the form
subject-predicate-object, or subject-property-value. When a set of experiments and
their outcomes are encoded in RDF (perhaps according to the ontology speciﬁed
here) the resulting database can be analyzed by relatively simple software, and
deductions based on rules also expressible in RDF can be carried out. See, for
example, the material related to T. Berners-Lee’s CWM (closed world machine) at
www.w3.org/2000/10/swap. The semantic web initiative includes developments in
technologies for posting and harvesting RDF-enriched documents on the WWW and
for performing semantic inference on the resulting databases. This is in contrast to
the purely syntactic inference supported by current WWW browsing technologies.
RDF and the semantic web initiative promise to have substantial impacts on
statistical genomics. As cooperative development and use of ontologies in general
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Fig. 9. Distributions of semantic similarity scores for all annotated probe pairs within clusters A, B, D, H
in Iyer’s study. The boxplot labeled ‘random’ depicts the distribution of semantic similarity scores for 500
pairs of probes drawn randomly from all probes with the constraint so that the two elements of any pair
evaluated were present in distinct clusters.
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information science grows, so do the prospects for broader use of highly
standardized database representations of outcomes of genomic experiments. This
will simplify the fusion of experimental databases developed at different labs, and
will reduce the need for database programming tailored to idiosyncratic data
structures. As mechanisms for establishing authority and genuineness of posted data
resources mature, the necessity of establishing centralized genomic databases will
diminish: the network will serve as the database, and inference will be conducted in
the web crawler. In work to be described elsewhere, we have established RDF-based
data structures and rule sets that support inference on genetic network structure
along the lines of Zupan et al.’s GeneNet system [14].
6. Discussion
We have considered a variety of issues arising in the use of GO in the
interpretation of genomic experiments. Other authors have considered issues of
speciﬁcity of gene function labeling. Hvidsten and colleagues [4] adopt a rough sets
framework for developing prediction rules from microarray data. These authors
sought functional classes that were ‘‘as speciﬁc as possible without including too few
training examples (genes)’’. They set lower bounds of 10 and 20 on the number of
genes required to be covered by an ontology term for use in their rule-building
procedure. This corresponds to bounding from above the information content of
terms used. Zhou and colleagues [13] create pathways from expression databases by
forming graphs with genes as vertices and edges with ‘length’ inversely proportional
to correlation in expression measures between the genes over various experiments.
Shortest paths in the resulting graphs deﬁne ‘transitive networks’, and GO is used to
verify that elements of transitive networks are involved in common processes. A GO
term is deemed informative if it covers at least 30 genes, and if the terms that reﬁne it
contain fewer than 30 genes. Classiﬁcation of unknown probes is permitted when the
terms corresponding to these probes lie at least four levels below the root of the GO
tree. Our empirical study of information content and depth suggests that neither of
these restrictions guarantees use of (relatively) highly informative terms. Note that
Zhou et al. performed sensitivity analyses to show that their results did not depend
essentially on the thresholds they used. We hope that the methods and software
described here allow investigators to effectively expose the relativity of determina-
tions of informativeness or similarity to the object-ontology complex in use, and to
easily specify dimensions along which sensitivity analyses can be conducted.
The ontoTools package, to be released at bioconductor.org after ﬁnal testing,
will support the computations described here at a reasonably generic level. High-
level functions will be provided to assist in creation of ontology graphs and object-
ontology complexes, in the computation of information content and semantic
similarity measures, and in using hierarchical structures in metadata to formulate
classical statistical models. A primary objective of the package is to make
transparent the many complex decisions that are required when analytic use is
made of genomic annotation resources. Perhaps the two most important short-
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comings of current infrastructure and methods for dealing with genomic metadata
are (a) shortage of information about how to deal with asynchrony of annotations
(e.g., identities and compatibilities of different versions of GO, LocusLink, and other
databases used for annotation) and (b) concepts and tools supporting appropriate
and thorough handling of typed graphical structures. We have noted that analytic
use of GO requires manipulation of the GO graph, which includes edges of at least
two types (is-a, part-of, and potentially is-not-a), and of the object-ontology
mapping, which includes edges of as many types as there are evidence codes and
curation methods. While it is possible to deal with multityped graphs by using
groups of singly-typed graphs, the managerial expenses are considerable, and more
uniﬁed methods are desirable. As we introduce into the general analytic environment
further graphical structures that encode pathways or other network structures that
are required to understand biological hypotheses and experimental results, the
demand for improved graphical computation infrastructure and compatible
statistical inference procedures will grow.
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